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Abstract 
Dietary supplements (DSs) are popular but not always safe.  Consumers usually seek DS information online; however, 
the complex medical jargon is a barrier for consumers’ comprehension.  In this study, we compared four different 
representations of DS information: (1) original text, (2) syntactic and lexical text simplification, (3) manual text 
simplification, and (4) a graph-based visualization.  Using a crowdsourcing platform, we recruited participants to 
read DS information in different representations and then answer comprehension questions.  With responses from 690 
qualified participants, our experiments confirmed that the manual approach, as expected, had the best performance 
for both accuracy and response time to the comprehension questions, while the graph-based approach ranked the 
second outperforming other representations.  In some cases, the graph-based representation outperformed the manual 
approach in terms of response time.  A hybrid approach that combines text and graph-based representations might 
be needed to accommodate consumers’ different information needs and information seeking behavior.  
Introduction 
More than 77% of Americans take dietary supplements (DSs) based on the latest 2019 survey commissioned by the 
Council for Responsible Nutrition.1  Vitamins and minerals continue to be the most popular DS products, where more 
than 76% of US adults have taken at least one DS in the past year.1  The consumption of DS is generally high regardless 
of age groups: 70% of adults between the ages 18 – 34, 81% of adults between the ages 35 – 54, and 79% of adults 
ages over 55.1  Many DS consumers expressed overall confidence in the safety, quality, and effectiveness of DS use; 
however, DS are not always safe.  For example, more than 15 million US adults are at risk for drug-supplement 
interactions (DSIs) or high-dose vitamins.2  An estimated 23,000 emergency room visits every year in the United 
States (US) were attributed to adverse events related to DS use.3  There is also increasing evidence that DS can interact 
with a wide range of prescription medications, resulting in adverse events.4  Despite these safety concerns, there are 
significant information gaps on appropriate DS use for consumers.  Further, DS consumption is not disclosed by 
patients to their physicians in 42.3% of all cases5 and even lower rates of communication were noted with pharmacists6.   
DS use is often self-medicated that results in patients seeking relevant DS use information by themselves.7  The 
Internet is the first place for consumers to find health information.8,9  Based on our recent study analyzing questions 
related to DS on Yahoo! Answer, we found consumers frequently seek information on DS usage, adverse effects, and 
addiction.10  Currently, many online sites contain basic DS information, their therapeutic use, safety warnings, 
effectiveness, and information on DS-related research studies.  However, much of this online information consists of 
opinions, salesmanship, testimonials, and claims that are not evidence-based.  Access to quality online health 
information has long been a concern.11  In our prior study, we have identified trustworthy DS information sources 
such as product labels from the Dietary Supplement Label Database (DSLD) and patient educational information from 
Memorial Sloan Kettering Cancer Center (MSKCC) and built a evidence-based knowledge base of DS information—
the integrated DIetary Supplement Knowledge base (iDISK) that integrates and standardizes DS-related information 
across these different sources.12,13 
Nevertheless, as information in iDISK was collected from scientific sources (e.g., scientific literature and monographs 
written by clinicians and scientists), complex medical jargon is a barrier to consumers’ comprehension of DS-related 
health information, resulting in confusion and potentially inappropriate use of DS products.  As only 12% of US adults 
are considered to have proficient health literacy,14 a number of government agencies and national programs (e.g., the 
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Clear Communication Index from the Centers for Disease Control and Prevention15 and the Clear Communication 
initiative at the National Institutes of Health16) recommended that health information content should be (1) written in 
plain language that is understandable to lay consumers, and (2) clear and simple, especially when developing content 
for people with limited literacy skills.  Built on iDISK, we previously developed ALOHA—an interactive graph-based 
visualization platform to facilitate consumers’ browsing and understanding of DS information in the iDISK,17 
following a user-centered design (UCD) process.  The usability testing of ALOHA was acceptable (i.e., a System 
Usability Scale [SUS] score of 64.4 ± 7.2) and most participants in the usability testing sessions thought that the graph-
based visualization in ALOHA is a creative and visually appealing format to obtain health information.  Nevertheless, 
it is not clear yet whether a graph-based visualization or simply text simplification (TS) will improve lay consumers’ 
comprehension of evidence-based DS information in iDISK.   
In this study, we aimed to assess how different approaches to simplify and represent DS information from iDISK will 
affect lay consumers’ comprehension.  In particular, using a crowdsourcing platform—Amazon Mechanical Turk 
(MTurk), we tested four representations: (1) original scientific language, (2) TS through manual curation, (3) TS 
through a hybrid simplification approach (i.e., syntactic simplification model followed by lexical simplification 
replacing medical jargons with terms from consumer health vocabulary [CHV])18, and (4) graph-based visualization, 
and assessed how the different simplification strategies affected consumers’ comprehension of DS information in 
terms of accuracy and response time to the comprehension questions.  
Methods 
Data sources 
We randomly selected 10 DS ingredients and extracted their information from the iDISK, which encompasses both a 
terminology of DS ingredients and a structured knowledge base of DS-related information.13  iDISK was developed 
through integrating essential DS information from four commonly used and trusted DS resources: the Natural 
Medicines Comprehensive Database (NMCD)—a commercial DS ingredient-level database, the “About Herbs” page 
on the MSKCC website, the DSLD—a database of DS product labels with over 76,000 DS products marketed in the 
US, and the Natural Health Products Database (NHP)—a database that covers natural health products with a product 
license issued by Health Canada.  We initially extracted 3 sections of textual information about a DS ingredient from 
iDISK: (1) background (i.e., a summary of information about the ingredient such as its origination, uses, and 
constituent, extracted from NMCD, MSKCC, and NHP), etc., (2) mechanism of action (i.e., the mechanism by which 
an active substance produces an effect on a living organism or in a biochemical system, based on MSKCC), and (3) 
safety (i.e., a summary of the safety concerns such as adverse reactions associated with using the ingredient).  Through 
Figure 1. The overall design and flow of the study. 
   
discussions with the clinician on the team, we reached a consensus that the current information on the mechanism of 
action for a DS ingredient in iDISK is too granular and intended for health care professional use.  Thus, we focused 
on the background and safety information in our consumer comprehension experiments.  The length of the text for 
each DS ingredient varies, however, is typically too long (i.e., a couple of paragraphs) for a crowdsourcing experiment.  
Thus, we extracted a random paragraph (i.e., 3 to 5 continuous sentences) from each section of the DS information. 
Overall Study design 
Figure 1 shows the flow of our study design.  We tested 4 different representations of the DS information: the original 
text, two TS strategies (i.e., manual curation and a hybrid syntactic with lexical TS strategy), and a graph-based 
strategy.  Table 1 shows an example of the 3 text-based representations, and Figure 2 (below) shows an example of 
the graph-based representation for the DS ingredient “Omega 3”.  We manually created one comprehension question 
for each of the two sections (i.e., background and safety) for each DS ingredient, presented the different representations 
of the DS information to participants recruited through MTurk, and assessed their comprehension of the DS 
information through their answers to the questions and response time.  We also collected basic demographics of each 
participant (e.g., age groups, gender, race) as well as their health literacy level using the validated Newest Vital Sign 
(NVS) health literacy assessment tool developed by Pfizer.19 
Table 1. An example of the 3 text-based representations for the background section of “Omega 3.”  
Original Manual Syntactic + Lexical (Selected 
Content)a 
Question 
A type of polyunsaturated fatty 
acid (PUFA) derived mainly 
from fish oil, omega-3 fatty 
acids are used as a dietary 
supplement for depression, to 
lower cholesterol, and to reduce 
the risk of heart attack. Data 
from a randomized trial 
suggest that omega-3 may be 
useful in reducing the risk of 
progression to psychiatric 
disorders and as a safe 
preventive measure in young 
adults at risk for psychotic 
conditions. Omega-3 fatty acid 
supplementation lowers 
cholesterol and may reduce 
recurrence in patients with a 
history of stroke. 
A type of polyunsaturated fatty 
acid (PUFA) developed mostly 
from fish oil, omega-3 fatty 
acids are used as a food 
supplement for depression, to 
lower cholesterol, and to cut the 
risk of heart attack. Research 
suggests that omega-3 may be 
useful in cutting the risk of 
growth to psychiatric problems 
and as a safe preventive 
measure in young adults at risk 
for psychotic health problems. 
Omega-3 fatty acids lowers 
cholesterol and may cut the 
risk of stroke for patients who 
had a stroke in the past. 
A types of polyunsaturated fatty 
acids are used by as a dietary 
supplement for mental 
depression, togo lower 
cholesterol  
 
Data from a randomized 
clinical trials suggest that 
omega 3 fatty acid may be 
usage in reduced the risk of 
progression to mental illness at 
risk for mental disorder 
 
omega 3 fatty acid dietary 
supplementation may reduce 
recurring in patient with a 
medical history of stroke 
Do omega-3 fatty 
acids increase 
cholesterol and 
increase the risk of 
heart attack? 
Answer: No 
a A machine learning-based synaptic text simplification model was run first, and medical jargons were then replaced based the 
Consumer Health Vocabulary resource.  Due to page limit, only a selected set of results is shown here. 
Manual text simplification and question generation 
Two co-authors (JA and AR) with background in health communication manually simplified the original text with 
the help of a commercial product—Health Literacy Advisor (HLA).20  HLA is an interactive health literacy tool that 
that highlights complex health terms such as words with more than three syllables.  Plain language replacements are 
suggested based on various validated readability indexes, such as Fry, ARI, Precise SMOG Index, FORCAST 
Readability Grade, and Flesch Reading Ease Score.  HLA has been used to improve the readability of health 
documents and health education materials,21,22 improve clinical summaries for patients,23 refine messages for health 
interventions,24,25 and for the evaluation of educational programs for cancer survivors26.  However, HLA suggestions 
did not account for the impact on sentence structure and overall readability.  For instance, sentences incorporated 
with HLA suggestions were sometimes grammatically incorrect or the meaning of the sentence was changed.  Thus, 
the two co-authors manually edited the HLA-simplified text making grammatical edits and replacing HLA 
suggestions if the original meaning was lost.  The authors also searched the Internet and used verified government 
health websites to find common terms for medical and scientific jargon not replaced by HLA.  The most extensive 
edits involved re-arranging sentences within each description to produce a narrative style summary (i.e. changing the 
order of subject-verb-predicate or making passive sentences active).  Based on elements that were changed during 
   
the manual edits, for each ingredient, we also generated two questions with gold-standard yes or no answers—one 
for each of the background and safety sections, respectively.  A pharmacist (TA) reviewed the manual descriptions 
as well as the questions to ensure that the original meaning of the text was retained. 
Syntactic and lexical text simplification approach 
We applied both syntactic simplification and lexical simplification on the original texts.  For syntactic simplification, 
we used the iSimp27 tool (developed by YP) to process the original texts at the document level.  The iSimp is a sentence 
simplification system designed to detect various types of clauses and constructs used in a complex sentence and 
produce multiple simple sentences while maintaining both coherence and meaning of the communicated message.  It 
first tokenizes the text into a sequence of non-overlapping chunks and uses recursive transition networks to detect 
simplification constructs.  And then, it generates simplified sentences by combining various simplification constructs.  
Currently, iSimp can detect six major types of simplification constructs, including coordination, relative clause, 
apposition, introductory phrase, subordinate clause, and parenthetical element.   
After syntactic simplification, 
we did lexical simplification by 
replacing medical jargons with 
mapped lay consumer terms 
from the Consumer Health 
Vocabulary (CHV)28 in the 
Unified Medical Language 
System (UMLS)29.  CHV is a 
collection of terms found to best 
represent the medical concepts 
for consumers and mapped to 
corresponding professional 
terms.  Previous studies have 
shown that CHV terms were 
more comprehensible by 
patients when compared with 
their professional synonyms.18  
The lexical simplification 
includes three main steps: (1) 
detecting the potential medical 
jargons and locating their 
positions in the sentences, (2) 
identifying the UMLS Concept 
Unique Identifiers (CUI) of 
potential matched CHV terms, 
and 3) replacing the medical 
jargons with the CHV terms 
identified by CUI.  The first two steps were completed using MetaMap,30 which analyzes the words in the text and 
matches the candidate words to UMLS vocabularies.   
Graph-based visualization of DS information 
Based on our prior work (i.e., ALOHA—an interactive graph-based visualization platform to facilitate browsing of 
DS information in the iDISK),17 we further developed a graph-based visualization to represent the DS information.  
The visualization relied on an open-source web-based graph visualization framework – InteractiveGraph.31  To 
generate the visualization, we manually extracted semantic triples (e.g., “omega-3 fatty acids” – “are used as” – “food 
supplements” in [subject]-<predicate>-[object]) from the original text.  Then we built the visualization by transforming 
the subjects/objects to nodes and the predicates (or relations) to links between the subject and object nodes.  Figure 2 
shows an example of the graph-based representation for the background section of “Omega 3.” 
Crowdsourcing experiments to assess consumers’ comprehension of DS information using different 
representations 
To assess how these different simplification strategies will affect consumer’s comprehension of DS information, we 
Figure 2. An example of the graph-based representation for the background section 
of “Omega 3.” 
   
designed a web-based tool, namely Simplified Text Understanding Test (STUT), to facilitate the MTurk experiment.  
STUT consists of 5 parts: 
(1) a brief onboarding 
video tutorial about how to 
use STUT, (2) four 
demographic questions 
(i.e., age group, gender, 
ethnicity, and race), (3) the 
NVS health literacy 
assessment, (4) the 
simplified representation 
and corresponding 
questions, and (5) the 
reward code page.  The 
NVS (Figure 3) health 
literacy assessment tool is a 
brief health literacy 
screening tool, where 
participants read a food 
nutrition label and answer 
six questions.  Each of the 
correct answers earns one 
point, and the final NVS 
score, ranging from 0 to 6, is categorized into limited (0–1), marginal (2–3), or adequate (4–6) health literacy.  The 
NVS was originally developed as an interviewer-administered health literacy assessment tool.  Prior studies indicated 
that a computerized form of NVS assessment performed as well as the interviewer-administered version for assessing 
health literacy levels.32   
In MTurk, participants needed to read a simple description of the task before launching STUT to work on a task, where 
the onboarding tour (i.e., a 30-second video) would popup automatically first.  The participants were required to 
complete the onboarding tour, the demographic questions, and the NVS health literacy assessment questions.  As 
shown in Figure 4, one of the different representations (i.e., simplified text or graph-based visualization) appears on 
the left side of the page, and the corresponding comprehension question appears on the right side.  After completing 
all questions (i.e., 10 questions per participant), the participant received a reward code to claim the incentives on 
MTurk.  We designed the 
STUT tool so that it logged 
each participant’s 
interactions with the tool 
and captured the amount of 
time they spent on each 
section.   
Before running the formal 
experiments, we conducted 
a pilot study to estimate the 
adequate incentives for 
MTurk workers and the 
necessary sample size 
needed to detect the effect 
of how different 
representations would 
impact consumers’ 
comprehension of DS 
information.  We first 
released a set of 
assignments with the 
original text only, where we 
Figure 4. A screenshot of the user interface of the Simplified Text Understanding Test 
(STUT) tool. 
Figure 3. Health literacy assessment using the Newest Vital Sign assessment tool. 
   
incrementally increased the incentives from 25 cents to 1 dollar and assessed how long it took for each assignment to 
be completed on MTurk.  We then released 20 assignments (i.e., allowing 20 participants to complete the same task) 
on MTurk for both original text and manually simplified text, respectively, with an incentive of $1 per assignment.  In 
this test run, we collected 20 valid responses from the original text group, and 19 valid responses from the manual 
simplified text group.  The accuracies of their responses to the comprehension questions were 85.5% and 97.3%, for 
the original and manual text groups, respectively; while the mean time spent on completing the tasks (i.e., 10 questions 
per task) were 387.5 seconds and 283.2 seconds, respectively.  Based on the accuracy measures, we estimated the 
appropriate sample size for detecting a difference between two proportions (i.e., 85.5% vs. 97.3%) at 95% confidence 
level with 80% power is 85.  
Thus, in the subsequent formal experiments, we released 100 assignments for each question group (i.e., 5 ingredients 
and 10 questions, where each ingredient would have two questions—one related to the “background” section and one 
related to the “safety” section) for each representation, and each participant was paid $1 for successfully completing 
a task (i.e., one question group, 10 questions).  We also included a number of validation tests to avoid participants 
using automated scripts (i.e., bots) to complete the tasks or to detect low quality responses due to participants not 
paying attention to the tasks.  Data from participants who did not pass all the validation tests were excluded; and 
participants would not receive incentives for disqualified responses.  Two multiple-choice validation questions (e.g., 
“Tom is a grade 2 student. He is good at math. Tom likes painting, swimming and eating apple,” with a question 
“Does Tom like eating apple?”) were added and mixed with the other task questions in each assignment as validation 
tests.  As an additional quality control mechanism, we also discarded responses that were completed in less than 90 
seconds or larger than 1,000 seconds.  We also implemented mechanisms to avoid multiple submissions from the same 
participant (i.e., thus, in our final dataset, each participant is only allowed to answer one question group, as being more 
familiar with the tasks may temper the integrity of the comprehension tests).  Finally, we set a required qualification 
in MTurk, so that the participants had to be located within the United States.   
Results 
Table 2 shows the basic demographics and the health literacy levels of the participants with qualified responses.  The 
majority of the participants were less than 45 years old; and the gender distribution of the participants was fairly even 
across the four representation groups.  A one-way ANOVA analysis was conducted for the average health literacy 
scores across the four groups of participants for the different representations.  The test showed no significant difference 
(p-value=0.309) among the four groups of participants’ average health literacy scores.   
Table 2. The basic demographic information of the participants for each representation. 
 
Original Manual Syntactic + Lexical Graph 
# of valid responses N=180 N=174 N=165 N=171 
Age 
    < 45 129 (71.7%) 129 (74.1%) 127 (77.0%) 126 (73.7%) 
    45 - 64 44 (24.4%)  39 (22.4%) 31 (18.8%) 42 (24.6%) 
    ≥ 65 7 (3.9%) 6 (3.4%) 7 (4.2%) 3 (1.8%) 
Gender 
    Male 93 (51.7%) 75 (43.1%) 89 (53.9%) 81 (47.4%) 
    Female 86 (47.8%) 98 (56.3%) 72 (43.6%) 88 (51.5%) 
    Other 1 (0.6%) 1 (0.6%) 4 (2.4%) 2 (1.2%) 
Health Literacy (HL) 
    NVS Score 4.96±1.52 4.68±1.61 4.80±1.64 4.93±1.44 
    Limited HL (0-1) 12 (6.7%) 14 (8.0%) 14 (8.5%) 7 (4.1%) 
    Marginal HL (2-3) 16 (8.9%) 22 (12.6%) 18 (10.9%) 21 (12.3%) 
    Adequate HL (4-6) 152 (84.4%) 138 (79.3%) 133 (80.6%) 143 (83.6%) 
Table 3 shows the average rates of correct answers and the average time spent on answering each of the comprehension 
questions for each representation over the 10 DS ingredients (i.e., 20 comprehension testing questions total for each 
representation).  Table 4 shows the z-test of the average correct rates and Table 5 shows the t-test of the average time 
spent across different representations.  The manually simplified text representation performed consistently better than 
other approaches in terms of both the average rates of correct answers and the average time spent; while, the syntactic 
+ lexical approach performed consistently the worst among the four representations.  The graph-based representation 
performed better than the original text in all cases, although it performed slightly worse (85.7% vs. 92.7%) in terms 
of accuracy.  The difference in the amount of time spent on each question, comparing the graph-based representation 
with the manually simplified text was not statistically significant (26.986 seconds vs. 25.432 seconds, p = 0.30).  
   
Table 3. The average rates of correct answers and the average time spent across the four representations. 
 Average Accuracy 
(Rates of Correct Answers (%)) 
Average Time Spent on Each Question 
(Seconds) 
Original 82.7±18.0 27.658±14.294 
Manual 92.7±11.9 25.432±14.545 
Syntactic + Lexical 70.9±23.2 35.762±17.437 
Graph 85.7±16.2 26.986±13.413 
Table 4. Z-test for the comparisons of average rates of correct answers across the four representations. 
 Comparisons of Average Rates of 
Correct Answers (%) 
Z-test (P-value) 
Original vs. Manual  82.7±18.0 < 92.7±11.9 -9.0557 (p < 0.05) 
Original vs. Syntactic + Lexical 82.7±18.0 > 70.9±23.2 8.2029 (p < 0.05) 
Original vs. Graph 82.7±18.0 < 85.7±16.2 -2.4361 (p < 0.05) 
Manual vs. Graph 92.7±11.9 > 85.7±16.2  6.655 (p < 0.05) 
Table 5. T-test for the comparisons of average time spent across the four representations. 
 Comparisons of Average Time Spent on 
Each Question (Seconds) 
T-test (P-value) 
Original vs. Manual  27.658±14.294 > 25.432±14.545 1.4518 (p = 0.15) 
Original vs. Syntactic + Lexical 27.658±14.294 < 35.762±17.437 -4.6962 (p < 0.05) 
Original vs. Graph 27.658±14.294 > 26.986±13.413 0.4544 (p = 0.65) 
Manual vs. Graph 25.432±14.545 < 26.986±13.413 -1.0455 (p = 0.30) 
 
Figure 5. Average rates of correct answers and average time spent on each individual question across the four 
representations. 
Figure 5 shows both the average rates of correct answers and the average amount of time spent across the four 
   
representations on each question.  We also conducted z-test between the average rates of correct answers and t-test 
between the average time spent of different representations for each question.  These results confirmed that the 
manually simplified text representation performed better than other representations in most of the questions, while the 
syntactic and lexical approach performed consistently the worst.  The graph-based representation performed better 
than the original text representation in most questions with very few exceptions.  When considering the average time 
spent, the graph-based representation worked consistently better than the original text representation, worse than the 
manually simplified version in 2 questions (i.e., questions 6—safety information about aloe gel and 13—background 
information about lemongrass), but better in other 2 cases (i.e., questions 8—safety information about acai and 15—
background information about ginko biloba), and no statistically significant differences in all other questions.   
Discussion and conclusion 
The goal of this study was to assess how different simplification strategies of DS information from an evidence-based 
DS knowledge base, iDISK, will affect lay consumers’ comprehension of the information.  Specifically, we tested 
four different representations—one with the original text from iDISK, two text simplification strategies (i.e., manual 
and automated approaches), and one graph-based visualization.  We assessed consumer’s comprehension from two 
perspectives: accuracy (i.e., correctly answered the comprehension question) and efficiency (i.e., time spent on reading 
the DS information and then answering the comprehension questions).  From the accuracy perspective, our 
experiments indicated, as expected, that the manual text simplification approach had the best performance overall.  
Surprisingly, the automated syntactic and lexical hybrid text simplification approach performed significantly worst 
among the four representations, even when compared with the original text written in scientific language.  The graph-
based visualization approach performed, although slight worse than the manually simplified text, consistently better 
than the original text and syntactic + lexical simplified text representations.  From the efficiency perspective, the 
manual text simplification and graph-based visualization approaches demonstrated similar performance, but 
significantly better than the original text and syntactic + lexical simplified text representations.   
Syntactic and lexical-based text simplification approach had the worst performance in both efficiency and accuracy, 
possibly due to three reasons.  First, the syntactic simplification divided a complex sentence into simpler, but a number 
of smaller sentences (e.g., from a complex sentence, “Patients take ginseng to improve athletic performance, strength 
and stamina, and as an immunostimulant.” to a number of smaller sentences: “patient take ginseng to improve physical 
strength”, “patient take ginseng to improve stamina”, “patient take ginseng to improve as an immunostimulant”, and 
“patient take ginseng to improve sport performance”).  Even though the structure of the decomposed sentences was 
simpler, it created a lot of duplicated phrases and words making it take longer for the participants to read and find 
relevant key information.  Second, the syntactic simplification did not always produce grammatically correct 
sentences, confusing the participants.  Third, the lexical simplification approach that replaced medical jargons using 
CHV terms did not always produce desired results comparing to the manual simplification.  It was because of two 
reasons: (1) the CHV has not been updated since 2012 and does not have a good coverage of the consumer vocabulary 
for DS information, and (2) the CHV substitutions have replaced some of the keywords that also appeared in the 
comprehension questions, making it difficult for the participants to answer the comprehension questions. 
The graph-based visualization ranked the second in the four representations, performed slightly worse in terms of 
accuracy, but in par in terms of efficiency compared with the manually simplified text representation.  The reason 
could be multifold.  First, the transformation of text from sentence to semantic triples only maintained key information 
words but could also have removed some of the contextual information.  To some users, the contextual information 
might help them understand the information.   Second, a close inspection of the 4 questions where the graph-based 
visualization performed better in 2, but worse in the other 2 questions, than the manual simplification in term of 
efficiency, revealed that the graph-based visualization can potentially help end users understand new or unfamiliar 
concepts (i.e., acai and ginkgo biloba) better than simple or common concepts (i.e., aloe gel and lemongrass).  Further 
exploration is warranted to understand in what scenarios can graph-based visualization help lay consumers’ 
comprehension of health information.  Nevertheless, our current work did allude that a hybrid—leveraging both text 
simplification and graph-based visualization— approach can potentially be a better strategy to meet different 
consumers’ different information needs and ultimately to improve consumers’ comprehension of the information.  
A few limitations exist in our work.  First, we only used one question to test participants comprehension of a paragraph, 
where correctly answering just one question may not reflect a good understanding of the paragraph reliably.  A more 
reliable instrument is needed to assess users’ comprehension.  Second, the graph-based visualization we implemented 
was a simplified version of ALOHA,17 where we eliminated a number features (e.g., filtering by node type) to make 
it workable in a crowdsourcing setting.  A more comprehensive testing of ALOHA with these convenient functions is 
   
needed in a future work.  Last, the population recruited from MTurk is different (e.g., younger and more females) 
from the general population in the US.  Careful considerations are needed before generalizing findings from 
crowdsourcing workers to the boarder population.  For example, most participants in our study had adequate health 
literary.  A more tailored approach is needed to customize a text-graph hybrid interface for low literacy individuals.   
Acknowledgement 
This work is supported by the National Center for Complementary & Integrative Health (NCCIH) and the Office of 
Dietary Supplements (ODS) grant number R01AT009457 (Zhang) and the intramural program funds from the 
National Library of Medicine (NLM)/National Institutes of Health (NIH), NLM of NIH K99LM013001, The content 
is solely the responsibility of the authors and does not represent the official views of the NIH. 
References 
1.  Council for Responsible Nutrition. Dietary Supplement Use Reaches All Time High [Internet]. 2019 [cited 
2020 Feb 24]. Available from: https://www.crnusa.org/newsroom/dietary-supplement-use-reaches-all-time-
high-available-purchase-consumer-survey-reaffirms 
2.  Eisenberg DM, Davis RB, Ettner SL, Appel S, Wilkey S, Van Rompay M, Kessler RC. Trends in alternative 
medicine use in the United States, 1990-1997: results of a follow-up national survey. JAMA. 1998 Nov 
11;280(18):1569–1575. PMID: 9820257 
3.  Geller AI, Shehab N, Weidle NJ, Lovegrove MC, Wolpert BJ, Timbo BB, Mozersky RP, Budnitz DS. 
Emergency Department Visits for Adverse Events Related to Dietary Supplements. N Engl J Med. 2015 Oct 
15;373(16):1531–1540. PMCID: PMC6196363 
4.  Levy I, Attias S, Ben-Arye E, Goldstein L, Schiff E. Adverse events associated with interactions with dietary 
and herbal supplements among inpatients. Br J Clin Pharmacol. 2017;83(4):836–845. PMCID: PMC5346861 
5.  Jou J, Johnson PJ. Nondisclosure of Complementary and Alternative Medicine Use to Primary Care Physicians: 
Findings From the 2012 National Health Interview Survey. JAMA Intern Med. 2016 Apr;176(4):545–546. 
PMID: 26999670 
6.  Wu C-H, Wang C-C, Kennedy J. Changes in herb and dietary supplement use in the U.S. adult population: a 
comparison of the 2002 and 2007 National Health Interview Surveys. Clin Ther. 2011 Nov;33(11):1749–1758. 
PMID: 22030445 
7.  Goh LY, Vitry AI, Semple SJ, Esterman A, Luszcz MA. Self-medication with over-the-counter drugs and 
complementary medications in South Australia’s elderly population. BMC Complement Altern Med. 2009 Nov 
11;9:42. PMCID: PMC2778637 
8.  Susannah Fox. The social life of health information [Internet]. Pew Resaerch Center. 2014 [cited 2020 Feb 25]. 
Available from: https://www.pewresearch.org/fact-tank/2014/01/15/the-social-life-of-health-information/ 
9.  Hesse BW, Nelson DE, Kreps GL, Croyle RT, Arora NK, Rimer BK, Viswanath K. Trust and sources of health 
information: the impact of the Internet and its implications for health care providers: findings from the first 
Health Information National Trends Survey. Arch Intern Med. 2005 Dec 12;165(22):2618–2624. PMID: 
16344419 
10.  Rizvi RF, Wang Y, Nguyen T, Vasilakes J, Bian J, He Z, Zhang R. Analyzing Social Media Data to Understand 
Consumer Information Needs on Dietary Supplements. Stud Health Technol Inform. 2019 Aug 21;264:323–
327. PMCID: PMC6792048 
11.  Eysenbach G, Powell J, Kuss O, Sa E-R. Empirical studies assessing the quality of health information for 
consumers on the world wide web: a systematic review. JAMA. 2002 May 22;287(20):2691–2700. PMID: 
12020305 
12.  Rizvi RF, Adam TJ, Lindemann EA, Vasilakes J, Pakhomov SV, Bishop JR, Melton GB, Zhang R. Comparing 
Existing Resources to Represent Dietary Supplements. AMIA Jt Summits Transl Sci Proc AMIA Jt Summits 
Transl Sci. 2018;2017:207–216. PMCID: PMC5961776 
13.  Rizvi RF, Vasilakes J, Adam TJ, Melton GB, Bishop JR, Bian J, Tao C, Zhang R. iDISK: the integrated 
DIetary Supplements Knowledge base. J Am Med Inform Assoc JAMIA. 2020 Feb 18; PMID: 32068839 
14.  Mark Kutner, Elizabeth Greenberg, Ying Jin, Bridget Boyle, Yung-chen Hsu, Eric Dunleavy. Literacy in 
Everyday Life: Results from the 2003 National Assessment of Adult Literacy [Internet]. 2007 Apr. Report No.: 
NCES 2007480. Available from: https://nces.ed.gov/pubsearch/pubsinfo.asp?pubid=2007480 
15.  Centers for Disease Control and Preventio. The CDC Clear Communication Index [Internet]. 2019 [cited 2020 
Feb 25]. Available from: https://www.cdc.gov/ccindex/ 
   
16.  National Institutes of Health. Clear Communication [Internet]. 2020 [cited 2020 Feb 25]. Available from: 
https://www.nih.gov/institutes-nih/nih-office-director/office-communications-public-liaison/clear-
communication 
17.  He X, Zhang R, Rizvi R, Vasilakes J, Yang X, Guo Y, He Z, Prosperi M, Huo J, Alpert J, Bian J. ALOHA: 
developing an interactive graph-based visualization for dietary supplement knowledge graph through user-
centered design. BMC Med Inform Decis Mak. 2019 Aug 8;19(Suppl 4):150. PMCID: PMC6686235 
18.  Zeng QT, Tse T, Crowell J, Divita G, Roth L, Browne AC. Identifying consumer-friendly display (CFD) names 
for health concepts. AMIA Annu Symp Proc AMIA Symp. 2005;859–863. PMCID: PMC1560732 
19.  Pfizer. THE NEWEST VITAL SIGN [Internet]. 2020 [cited 2020 Feb 26]. Available from: 
https://www.pfizer.com/health/literacy/public-policy-researchers/nvs-toolkit 
20.  Health Literacy Innovations. The Health Literacy AdvisorTM [Internet]. 2020 [cited 2020 Mar 4]. Available 
from: https://healthliteracyinnovations.com/products/hla.php 
21.  Hadden KB. Health literacy training for health professions students. Patient Educ Couns. 2015 Jul;98(7):918–
920. PMID: 25850755 
22.  Flaherty K, Foidel S, Krusen NE. Health Literacy in Student-Created Occupational Therapy Home Programs. J 
Occup Ther Educ [Internet]. 2019 Jan 1 [cited 2020 Mar 4];3(4). Available from: 
https://encompass.eku.edu/jote/vol3/iss4/8 
23.  Sarzynski E, Hashmi H, Subramanian J, Fitzpatrick L, Polverento M, Simmons M, Brooks K, Given C. 
Opportunities to improve clinical summaries for patients at hospital discharge. BMJ Qual Saf. 2017;26(5):372–
380. PMID: 27154878 
24.  Wen K-Y, Miller SM, Kilby L, Fleisher L, Belton TD, Roy G, Hernandez E. Preventing postpartum smoking 
relapse among inner city women: development of a theory-based and evidence-guided text messaging 
intervention. JMIR Res Protoc. 2014 Apr 3;3(2):e20. PMCID: PMC4004157 
25.  Johnson SS, Levesque DA, Broderick LE, Bailey DG, Kerns RD. Pain Self-Management for Veterans: 
Development and Pilot Test of a Stage-Based Mobile-Optimized Intervention. JMIR Med Inform. 2017 Oct 
17;5(4):e40. PMCID: PMC5663948 
26.  Miller SM, Hudson SV, Hui S-KA, Diefenbach MA, Fleisher L, Raivitch S, Belton T, Roy G, Njoku A, 
Scarpato J, Viterbo R, Buyyounouski M, Denlinger C, Miyamoto C, Reese A, Baman J. Development and 
preliminary testing of PROGRESS: a Web-based education program for prostate cancer survivors transitioning 
from active treatment. J Cancer Surviv Res Pract. 2015 Sep;9(3):541–553. PMCID: PMC4537811 
27.  Peng Y, Tudor CO, Torii M, Wu CH, Vijay-Shanker K. iSimp: A sentence simplification system for 
biomedicail text. 2012 IEEE Int Conf Bioinforma Biomed [Internet]. Philadelphia, PA, USA: IEEE; 2012 [cited 
2020 Mar 4]. p. 1–6. Available from: http://ieeexplore.ieee.org/document/6392671/ 
28.  Zeng QT, Tse T, Divita G, Keselman A, Crowell J, Browne AC, Goryachev S, Ngo L. Term Identification 
Methods for Consumer Health Vocabulary Development. J Med Internet Res [Internet]. 2007 Mar 14 [cited 
2020 Mar 6];9(1):e4. Available from: http://www.jmir.org/2007/1/e4/ 
29.  Bodenreider O. The Unified Medical Language System (UMLS): integrating biomedical terminology. Nucleic 
Acids Res [Internet]. 2004 Jan 1 [cited 2020 Mar 6];32(Database issue):D267–D270. Available from: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC308795/ PMCID: PMC308795 
30.  Aronson AR, Lang F-M. An overview of MetaMap: historical perspective and recent advances. J Am Med 
Inform Assoc JAMIA. 2010 Jun;17(3):229–236. PMCID: PMC2995713 
31.  InteractiveGraph: a web-based interactive operating framwork for large graph data [Internet]. grapheco; 2020 
[cited 2020 Mar 6]. Available from: https://github.com/grapheco/InteractiveGraph 
32.  Mansfield ED, Wahba R, Gillis DE, Weiss BD, L’Abbé M. Canadian adaptation of the Newest Vital Sign©, a 
health literacy assessment tool. Public Health Nutr [Internet]. Cambridge University Press; 2018 Aug [cited 
2020 Mar 6];21(11):2038–2045. Available from: https://www.cambridge.org/core/journals/public-health-
nutrition/article/canadian-adaptation-of-the-newest-vital-sign-a-health-literacy-assessment-
tool/D95650EFC8248F075AB48F524BBC4493 
 
 
